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Abstract
For better reliability and prolonged battery life, it is important
that users and vendors understand the quality of charging
and the performance of smartphone batteries. Considering
the diverse set of devices and user behavior it is a challenge.
In this work, we analyze a large collection of battery an-
alytics dataset collected from 30K devices of 1.5K unique
smartphone models. We analyze their battery properties
and state of charge while charging, and reveal the charac-
teristics of different components of their power management
systems: charging mechanisms, state of charge estimation
techniques, and their battery properties. We explore diverse
charging behavior of devices and their users.
Author Keywords
Sate of Charge; Fast Charging; Battery Capacity.
ACM Classification Keywords
C.4 [Performance of Systems]: Measurement techniques;
H.3.4 [Systems and Software]: Performance evaluation (ef-
ficiency and effectiveness)
Introduction
While modeling and optimizing the energy consumption of
different applications and mobile systems have been the ac-
tive research interest for a decade [11, 5], the overall per-
formance of the smartphone power management systems
has not received significant attention yet. The diverse set
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of smartphone models available today are powered with bat-
teries of different capacity volumes and technologies, such
as Lithium-Ion and Lithium-Polymer. They employ different
charging mechanisms to charge their batteries and rely on
different state of charge (SOC) estimation techniques.
The growth of smartphone battery size has been linear with
time. Charging large batteries with traditional charging tech-
niques may take very long time. In addition, the context may
not allow a user to charge long enough time. Therefore, it
is necessary that the battery should be charged to some
reasonable amount, e.g., 30-50%, within a short amount of
time. Consequently, users are increasingly relying on a num-
ber of Fast charging techniques from Qualcomm (Quick [9])
and Samsung (Fast). Nevertheless, the quality of charging
plays an important role in the longevity of smartphone batter-
ies. For example, if a battery is charged over the maximum
battery voltage, the resulting chemical reactions may reduce
the capacity significantly [2] and increase the battery temper-
ature beyond the safety limit. Understanding the inefficiency
of the energy source, and other related contributing factors
can enable better optimization of the applications, systems,
and more accurate power consumption modeling.
Findings and Contributions
First: Most of the devices apply
Constant Current-Constant Volt-
age (CC-CV) charging. A num-
ber of devices of latest mod-
els use Fast charging. Quick
charging utilizes higher voltage
and constant current during the
CC phase of charging, whereas
Samsung’s Fast charging em-
ploys pulse charging.
Second: From SOC updates,
we compute the charging time
curves, and derive the SOC es-
timation techniques used by the
devices. The SOC update time
of voltage-based fuel gauges
fluctuates during the CC-phase
of charging, whereas Coulomb
counter-based devices provide
updates at periodic intervals.
Third: From battery voltage, we
estimate that 85% devices had
their battery capacity reduced by
1-10%. We further demonstrate
that the battery health informa-
tion provided by the system may
not be appropriate.
Fourth: Both devices and users
contribute to inefficient charging
of the batteries. Quick charging
charges a battery to over voltage.
There are two forms of inefficient
charging by the users; charging
and actively using devices at the
same time and longer over night
charging.
Given the number of smart mobile devices available on the
market, it is not feasible to investigate their charging and bat-
tery properties, and the performance of the charging meth-
ods on batteries in a laboratory environment. Although there
are studies on users’ charging behavior [4, 1], it is not well
understood how this battery and charging information could
be presented in more meaningful ways to the users and mo-
bile vendors other than just the battery level.
In this article, we explore a large battery analytic dataset
comprising various battery sensor information from 30K de-
vices of 1.5K unique smartphone models collected by the
Carat [8] application. We explore their battery voltage be-
havior, charging rate and charging time, and demonstrate
how these properties can be used to expose the charac-
teristics of their power management systems. We identify
their charging mechanisms, SOC estimation techniques and
battery properties, and the distribution of these properties
among the devices. To the best of our knowledge such com-
prehensive study on a large smartphone battery dataset has
not been presented earlier. Our findings and contributions
are listed in the sidebar.
The rest of the paper is organized as follows. Next section
provides an overview on smartphone’s power management
system and describes the crowdsourced dataset. The sub-
sequent sections explore the dataset and identify the char-
acteristics of various power management techniques used
by the smartphones and properties of smartphone batteries
while charging. Before concluding the paper, we also dis-
cuss user behavior in charging their smartphones.
Smartphone Power Management & Dataset
The charger and three different ICs, a fuel gauge, a charg-
ing controller, and a protection IC, manage the charging of a
mobile device. The charging controller is hosted in the de-
vice and the protection IC resides in the battery. The fuel
gauge functionality may be distributed between the device
and the battery. The fuel gauge determines the runtime
battery capacity, i.e., SOC or battery level, using open cir-
cuit voltage, coulomb counter, or a combined mechanism
of these two [10]. It senses battery voltage, temperature,
and charge or discharge current to/from the battery pack. At
the same time, it also provides feedback to the charging IC.
The charging controller applies the charging algorithm, such
as CC-CV, and uses the fuel gauge provided information to
control the charging current, voltage, and to terminate the
charging. Finally, the protection IC protects the battery from
over voltage or current from the device.
Dataset and Pre-processing
The Android Battery Manager collects charging and battery
information from the fuel gauge (see Table 1) and broadcasts
as events. Carat collects information from mobile devices as
samples with a broadcast receiver. A sample structure can
be defined as S = (t, (a1 : v1), (a2 : v2), (a3 : v3)...(an :
vn)), where t is the epoch timestamp of a SOC update event
and (ai : vi) are the attribute and value pairs. From all
the information collected in a sample, we consider the times-
tamp, SOC, battery voltage, battery health, battery temper-
ature, charging status, charger type, and the screen status
attributes.
Attribute Value
charging
status
plugged/
unplugged
charger ac main / usb
battery
voltage
4.2 V
battery
temp
29◦C
battery
health
good,overheat,
over voltage
battery
level
0.99 (99%)
Table 1: Charging and battery
information of Android devices.
C =
36×∆SOC
t2 − t1 (1)
Charging Events
We analyze a subset of Carat dataset collected over ten
months of size more than 200GB, in Spark platform [13].
From the reduced charging samples, we need to construct
SOC vs. battery voltage and SOC vs. charging rate curves.
In order to generate such curves, it is essential that all the
samples of a curve belong to the same charging event. We
generate charging events for every user as described in Al-
gorithm 1. The reduced samples in a Resilient Distributed
Dataset allows distributed computation on the samples in a
cluster of 7 machines each having 8 CPU cores and 30GB
of RAM.
First, the reduced samples are grouped according to the user
ID. We next sort the samples of a user according to times-
tamp and construct pairs of two consecutive samples. From
these pairs, we compute one percent charging time and cor-
responding C1 rate. If the charging rate is 1C, then a mobile
device spends 36 s to charge one percent. As a result, the
charging rate used to charge 1% of the battery can be pre-
sented as (1), where t1, t2 are the timestamps of two con-
secutive samples and ∆SOC is the difference of the battery
levels reported in those samples.
1A battery with 2000 mAh capacity will be charged with 2000 mA cur-
rent at 1.0C rate and it will take 1 hour to complete the charging.
Algorithm 1 Smartphone Battery Analytics
1: procedure CHARGINGEVENTS ( rdd[reducedSample] )
2: userSamps← groupById (reducedSample)
3: for each user ∈ userSamps._1 do
4: filSamp← Filter (“ac”, “soff”, userSamp)
5: srtSamp← SortByTime (filSamp)
6: samPairs← Pair (srtSamp)
7: chargEvent = 1
8: for each pair ∈ samPairs do
9: ∆SOC = onePair._1.soc - onePair._2.soc
10: ∆t = onePair._2.time - onePair._1.time
11: C = 36×∆SOC∆t
12: if (C <= 0.03) then
13: Label (chargEvent, ∆t, C, onePair._1)
14: chargEvent += 1
15: ∆t = 0
16: C = 0
17: Label (chargEvent, ∆t, C, onePair._2)
18: else
19: Label (chargEvent, 0, 0, onePair._1)
20: Label (chargEvent, ∆t, C, onePair._2)
21: end if
22: end for
23: end for
24: end procedure
Ideally, a charging event begins by connecting a device with
the charger and ends when the device is disconnected from
the charger. Constructing charging events in this way is dif-
ficult from the dataset, as a user may turn on/off the phone
while charging and turn on when the battery is charged to
a reasonable capacity. The charging algorithms terminate
charging when the charging rate is 0.07C and a mobile de-
vice spends 514 seconds maximum to charge one percent.
However, the tablets may take even longer time during the
CV phase of charging and therefore, we consider 0.03C as
Battery
Health
Samples Users Models Charging
Events
Good 3.3M 30K 1.5K 180K
Over voltage 1554 90 15 100
Overheat 665 165 40 200
Table 2: Number of charging samples, corresponding users,
device models, and charging events from Carat dataset.
the terminating charging rate as stated in the algorithm. Fi-
nally, we label the samples with incremental numeric charg-
ing events, and update them with C rate and one percent
charging time.
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Figure 1: Battery voltage curves
while charging via AC with different
charging techniques.
Charging Techniques
We first analyze battery voltage behavior as charging pro-
ceeds and derive the charging techniques used by the smart-
phones. Next, we analyze the charging rates. In this section,
we consider the charging events of good samples and fur-
ther consider screen off samples from the events to reduce
device usage bias in the analysis.
Battery Voltage
From the charging events, we construct model specific charg-
ing voltage curves containing battery voltage information for
every battery level update as shown in Figure 1(a). The fig-
ure shows the initial and final voltages for each unique user.
The initial voltage is the minimum voltage required to power
up a device (when the battery level is 1%) and final voltage is
the maximum voltage when the battery is charged to 100%.
A battery should not be charged to more than this voltage.
The final voltages observed in the dataset broadly can be
classified into two categories; 4.2±0.05 and 4.35±0.05 V.
However, using CC-CV, a battery is charged to a maximum
4.2 V. It turns out that this voltage behavior is because of a
different charging mechanism used by the devices. Although
CC-CV is the well-known charging mechanism, some de-
vices charge batteries to an extra 0.15 V to reduce charging
hardware implementation complexity [12]. This mechanism
is also called Double Loop Control (DLC). We compare the
final voltage of multiple devices of same model and find that
38% of the devices use CC-CV and 59% use DLC.
Figure 1(a) presents the distribution of voltage, and the re-
lationship between battery voltage and battery level for the
CC-CV and DLC methods. From the charging events, we
take the median battery voltage for each battery level of the
devices of two categories and plot them. It is shown that bat-
tery voltage increases almost linearly until the battery volt-
age reaches to the maximum, i.e., 4.2/4.35 V. Figure 1(a)
further shows that the final voltage can be different for differ-
ent users. Later, we demonstrate how this final voltage can
be used to estimate capacity loss of the battery.
We next explore model specific voltage curves. Figure 1(b)
compares the median voltage curves of a number of de-
vices. We notice that Galaxy S3 and S4 curves are similar as
shown in Figure 1(a), whereas the voltage curves of Galaxy
S6 Edge, and Nexus 6 devices have unique characteristics.
Unlike S3/S4, the battery voltage of Nexus 6 increases to
a maximum 4.48 V and then the CV phase begins. On the
other hand, the battery voltage of Edge 6 increases sharply
until the battery is charged to 30%. After that battery voltage
increases and decreases alternatively until reaches to the
maximum 4.35 V. This hints that Edge 6 applies Fast pulse
charging [12]. In other words, the charging current alternates
between two rates. Among 30K, only 3% of the devices use
Quick and Fast charging.
Charging Rate
Charging algorithms may apply different charging currents to
charge the batteries. Android operating systems, however,
do not expose charging rate or current through any API. We
use the charging C rates estimated with Algorithm 1. In the
earlier section, we have identified that batteries are charged
in two phases, in general. In this section, we investigate the
behavior of charging rates and present two additional charg-
ing mechanisms.
CC-Phase: During the first phase, the batteries are charged
to 50-90% of total capacity, depending on the models. Fig-
ure 2(a) illustrates the charging rates of 30K users. Mobile
devices are charged mostly at rates smaller than 0.7C via
AC and higher than the rate USB provides. The rates are
typically constant during the first phase and vary among dif-
ferent models. There are a number of takeaways from this
figure.
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Figure 2: Charging rates of the
devices.
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Figure 3: Charging time curves of
five smartphone models.
• Figure 2(a) shows that a few numbers of rates are
higher than 1C for smartphones. By examining the
charging events, we have identified that 1% of the de-
vices use charging rates higher than 1C. These are the
Fast charging enabled devices.
• The tablets are charged at smaller rates than the smart-
phones, even when the AC main or wall chargers are
used. One possible explanation is that tablets have
larger batteries than the smartphones and their charg-
ing rates do not scale up according to the capacity.
• Figure 2(a) shows that 30% and 20% of the charg-
ing rates via USB are below 0.1C for the tablets and
smartphones respectively. In the case of AC charg-
ing, 20% of the rates are below 0.1C for the tablets,
whereas such rates are less than 5% for the smart-
phones. This is because a small number of devices
apply the CV charging to charge the first 10% and
then the CC charging begins. This helps to restore the
charge of deeply depleted cells inside the battery [3].
Therefore, it took a longer time for an actual 1% incre-
ment.
CV-Phase: Figure 2(b) shows the charging rates during the
second phase of charging. Both CC-CV and DLC methods
trickle down the charging current gradually to less than or
equal to 0.1C. Figure 2(b) also shows that charging rates can
be around 1.0C. It turns out out that some device models use
CC charging after the CV phase and this third phase begins
after the battery is charged to 95% and the remaining 5% is
charged at a higher constant rate than the first phase.
Summary
Finally, other than CC-CV and DLC, we have identified two
more variants of these two, one of them applies CV at the
beginning and the other uses CC at the end of charging. We
have also identified two kinds of Fast charging technique.
Their charging rates vary within 0.7-1.1C. Nexus 6 takes 35
minutes, where as Galaxy 6 Edge takes 30 minutes to charge
the first 50% of the battery.
SOC Estimation Techniques
As mentioned in Section 2 that fuel gauge chips estimate
SOC and smartphones basically employ either a voltage-
based or Coulomb counter-based fuel gauge. The first kind
depends on a number of voltage look up tables to estimate
SOC and the latter one uses current sense resistors to mea-
sure the charging/discharging current. It is difficult to identify
the presence of such mechanisms without any explicit knowl-
edge about the chipset model or name. In this section, we
attempt to distinguish these two from their SOC reporting be-
havior.
From the charging time calculated in Section 2, we compute
the median charging time curves of different models. Fig-
ure 3 illustrates such curves for five models. We notice that
SOC update times of Nexus 6 are almost constant until the
battery is charged to 50%. Given a device has a Coulomb-
counter based fuel gauge, it can accurately measure SOC
of the battery while charging. If the device is not utilized,
the battery would receive the maximum constant charging
current from the charger during CC period. Therefore, the
amount of time required to charge one percent should be
equal for every SOC update within the CC-phase. The plot
for Nexus 6 suggests that this model has Coulomb counter-
based fuel gauge and we verified so.
On the other hand, the curves of I337M, I9500, I9505,
and ISGH337 are almost identical, however, they are differ-
ent from Nexus 6. Their charging time vary at the same
SOC. This hints that these devices use similar SOC esti-
mation method. Later we find that these models are differ-
ent variants of Samsung Galaxy S4 manufactured for differ-
ent operators. We further verified that Galaxy S4 devices
use voltage-based fuel gauges. Most of the devices in our
dataset use voltage-based fuel gauges.
Battery Properties
We next investigate the battery properties, such as capacity,
temperature behavior while charging, and health. Unlike the
studies in other sections, we consider all the samples in this
section.
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Figure 4: Battery final voltage and
capacity.
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Battery Capacity Loss
The effect of charging with over voltage, and higher charg-
ing rate is degraded battery life. Choi and Lim [2] studied
the performance of Lithium-Ion batteries by charging them
with different charging rates and by limiting the final voltage.
They showed that charging at higher rates (1.4C, 1.2C) and
voltage (4.35 V) reduces battery capacity faster and signif-
icantly more than those with smaller magnitudes (1.0C, 4.2
V). However, it is not possible to estimate the effect of an in-
dividual variable without measurements. A recent study has
shown that batteries with different capacity exhibit different
voltage behavior while charging [6]. Although Android APIs
do not expose the actual capacity in mAh, we can determine
the relative remaining capacity or capacity loss from the final
voltage. Figure 4(a) shows that the relation between these
two is linear [7]. Every 10 mV reduction in the final voltage
is equivalent to 1% capacity loss. The capacity loss can be
computed as
CapacityLoss(%) = (Vf − Vrf )/10, (2)
where the value of Vf is 4.2 or 4.35 V and Vrf is the reported
final voltage in the sample. Another observation is that the fi-
nal voltage for the DLC or 4.35V models fluctuates frequently
(see Figure 5). Therefore, we take the average of all final
voltages of an individual device and estimate the capacity
loss. Figure 4(b) shows that 85% of the devices have lost
their capacity by 1-10%. A number of devices have signifi-
cant capacity loss. This information can be used as an input
to the self-constructive power modeling approaches, such as
PowerBooter [14] depends on relative battery capacity.
Battery Temperature
In order to understand the pattern of battery temperature
while charging, we first group the battery temperature for
each reported battery level and plot them in Figure 6(a). We
also plot the median temperature for CC-CV and DLC mod-
els. The battery temperature varies as the battery level in-
creases. At the beginning, the temperature decreases till
the battery is charged to 20%. After that temperature slowly
decreases or remains almost constant until the battery is
charged to 70 or 80%. However, at the end the tempera-
ture begins to decrease again. The obvious reason is very
low current charging during the CV phase. Although both
CC-CV and DLC exhibit similar temperature variation pat-
tern, the average temperature of CC-CV models is higher
than the DLC models. Figure 6(b) compares battery tem-
perature between DLC and Fast charging techniques. We
notice that Fast charging increases battery temperature by
8-10◦C than that of the DLC model devices.
Battery Health
Android battery APIs provide battery health information, such
as good, over voltage, and overheat. Table 3 shows the
ranges of battery voltage and temperature for good, over
voltage, and overheat samples. We notice that such ranges
for over voltage and overheat samples also vary within the
similar range as good samples. After examining these sam-
ples, we have found that over voltage samples do not give
any hint about temperature and similarly overheat samples
do not hint whether over voltage results higher temperature.1 10 20 30 40 50 60 70 80 90 100
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Figure 6: Battery temperature with
different charging techniques via
AC.
Heal. Volt. Temp.
Good 3.2-4.4V 10-57◦C
Overheat 3.2-4.32V 24-72◦C
Over volt. 3.2-4.2V 16-44◦C
Table 3: Battery health, voltage,
and temperature information.
User Behavior in Charging
We consider all the charging events and the corresponding
samples in this section as well. A charging event should
contain one sample for each battery level or SOC update.
Therefore, the number of samples for a specific battery level
should be unique in an event. However, we have found more
than one sample for a single battery level update in the form
of SOC fluctuation (e.g. battery level = 5↑6↓5↑6). Never-
theless, such SOC fluctuations are not uniformly distributed,
rather left skewed with respect to the battery level.
2% of the charging events reside at the tail of the distribu-
tion, which contain fluctuation between two consecutive lev-
els. The screen status of the corresponding samples sug-
gests that the devices were being actively used. Therefore,
it took a longer time for an actual 1% increment.
Other than charging and actively using their devices at the
same time, users may keep their devices connected with the
chargers even when the batteries are completely charged.
From the dataset, we have identified 3% of such charging
events. The duration of such events can be a few to thou-
sands of seconds. In this case, the phone stops charging
the battery and begins recharging whenever 1-2% has been
discharged. However, we have measured that the extra en-
ergy spent during a over night charging for 10 hours can be
used to charge a iPhone 6 to its full capacity (1810mAh).
Conclusions and Future Work
In this study based on data gathered from in-the-wild de-
vices, we have shown that a few thousand devices use in-
efficient charging mechanisms that can significantly reduce
battery life. We have found that 2% of the devices charge
their batteries well above the maximum battery voltage. This
charging method deteriorates battery capacity faster than
normal. There has been very active discussion in various
online forums identifying battery SOC anomalies and such
SOC error is due to the capacity loss [6]. A small number
of devices had a charging current higher than 1.0C, which
also degrades battery performance quickly. We have also
observed that 85% of the devices suffered from 1-10% ca-
pacity loss. Moreover, user behavior and interaction with the
device during charging also contribute to energy waste. Our
future research includes investigating the performance of dif-
ferent charging algorithms with a larger dataset and develop-
ing a battery analytics API based on Spark so that users and
vendors can investigate the performance of their batteries
and power management techniques.
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